Non-invasive spleen volume estimation is essential in detecting splenomegaly. Magnetic resonance imaging (MRI) has been used to facilitate splenomegaly diagnosis in vivo. However, achieving accurate spleen volume estimation from MR images is challenging given the great inter-subject variance of human abdomens and wide variety of clinical images/modalities. Multi-atlas segmentation has been shown to be a promising approach to handle heterogeneous data and difficult anatomical scenarios. In this paper, we propose to use multi-atlas segmentation frameworks for MRI spleen segmentation for splenomegaly. To the best of our knowledge, this is the first work that integrates multi-atlas segmentation for splenomegaly as seen on MRI. To address the particular concerns of spleen MRI, automated and novel semi-automated atlas selection approaches are introduced. The automated approach interactively selects a subset of atlases using selective and iterative method for performance level estimation (SIMPLE) approach. To further control the outliers, semi-automated craniocaudal length based SIMPLE atlas selection (L-SIMPLE) is proposed to introduce a spatial prior in a fashion to guide the iterative atlas selection. A dataset from a clinical trial containing 55 MRI volumes (28 T1 weighted and 27 T2 weighted) was used to evaluate different methods. Both automated and semi-automated methods achieved median DSC > 0.9. The outliers were alleviated by the L-SIMPLE (≈1 min manual efforts per scan), which achieved 0.9713 Pearson correlation compared with the manual segmentation. The results demonstrated that the multi-atlas segmentation is able to achieve accurate spleen segmentation from the multi-contrast splenomegaly MRI scans.
INTRODUCTION
Splenomegaly is an abnormal enlargement of the spleen, which is associated with liver disease, infection and cancer [1] . Accurate non-invasive spleen volumetric size estimation plays an essential role in splenomegaly diagnosis and scientific studies [2] . Ultrasound [3] [4] [5] and computerized tomography (CT) [6] [7] [8] have been used as the major imaging techniques in quantifying spleen size [9, 10] . The manual delineation of whole spleen slice-by-slice has been regarded as a gold standard of spleen volume estimation. However, the manual tracing on entire 3D spleen is time and resource consuming. To accelerate manual efforts, the first family of techniques was proposed to enable routine splenic assessment relied on manually derived 1D index measurements (e.g., splenic length, width, thickness, etc.) to replace time consuming 3D whole spleen delineation. Using such measurements, the spleen volume size can be estimated using regression models [7] . A second family of techniques seeks to automate 3D volumetric spleen segmentation, e.g., shape/contour based models [11, 12] , intensity based models [13] , graph cuts [14, 15] , learning based models [16] , and atlas-based methods [17, 18] .
A major challenge of automated MRI spleen segmentation is that the absolute intensity of MRI is not in a quantitative scale like the Hounsfield Units (HU) in CT. Another challenge is that the relative intensity contrasts of abdominal tissues are in large variation using the different contrast mechanisms (e.g., T1-weighted (T1w), T2-weighted (T2w), proton density (PD), etc.). Such challenges hinder frequently used CT segmentation methods, which depend on absolute intensity scales. In our previous work [19] [20] [21] [22] , the multi-atlas segmentation (MAS) framework has been introduced to the CT abdominal organ segmentation. Since the state-of-the-art multi-atlas label fusion methods typically search the intensity similarities between patches that are not restricted to the unified intensity scales or contrasts [23] [24] [25] , the MAS is an appealing method of conducting MRI spleen segmentation.
In this paper, we propose to use MAS for MRI spleen segmentation across imaging modalities. To address the particular concerns of (1) large intensity/contrast variation of spleen MRI and (2) large variation of spleen size and shape in 3018cc splenomegaly scans (Figure 1 ), automated and novel semi-automated atlas selection approaches were developed. The automated approach interactively selects a subset of atlases using selective and iterative method for performance level estimation (SIMPLE) approach [26] . In the semi-automated method, the craniocaudal length (L) based SIMPLE atlas selection (L-SIMPLE) is used to introduce a spatial prior in a Bayesian fashion during the atlas selection. For comparison, the segmentation results using all atlases and using a single L-based atlas selection pipelines are demonstrated.
METHODS

Data and Experimental Setup
55 abdominal MRI scans were acquired from splenomegaly patients (27 T1w/ 28 T2w) from a clinical trial. The spleens were manually traced by an experienced rater using the Medical Image Processing Analysis and Visualization (MIPAV) software [27] . In the manual spleen segmentation, the minimum spleen size is 368 cubic centimeter (cc) while the maximum spleen size is 5670 cc. The mean spleen volume is 1881 cc with a standard deviation 1219 cc. This heterogeneous dataset is used to evaluate the performance of the MAS on detecting splenomegaly from multi-contrast MRI scans using a leave-one-out strategy. The Pearson correlation, Dice similarity coefficient (DSC), means surface distance (MSD) and Hausdorff distance (HD) are employed as the metrics to evaluate the performance of different segmentation methods in comparison of manual segmentations. All statistical significance tests are made using a Wilcoxon signed rank test (p<0.05).
General Multi-atlas Segmentation Framework
The canonical MAS framework included registration, atlas selection, label propagation and label fusion [28] . The N4 bias field correction was applied to on the target image, which was then resampled to 1.5 mm isotropic voxel size. Then, the affine registration followed by non-rigid registration was conducted to register each atlas image and label to the target image using DEnsE Displacement Sampling (DEEDS) registration method [29] . The atlas selection approaches were used to select the best ten atlases from all registered atlases. Finally, the selected atlases were fused to achieve the final spleen segmentation using joint label fusion (JLF) [30] . To address substantial registration failures and the large inhomogeneity in the splenomegaly dataset, four different atlas selection strategies (pipelines) were evaluated with the general MAS framework. 
Automated and Semi-automated Pipelines
Two automated MAS pipelines are shown in Figure 2 . In the first pipeline (Pipeline 1), the atlas selection step was not included during the general MAS framework, which means all available atlases were used in the label fusion. In the second pipeline (Pipeline 2), the SIMPLE method [26] was used to select the ten best atlases during an iterative procedure.
Two semi-automated MAS pipelines are illustrated in Figure 2 . In Pipeline 3, the atlases were selected by comparing the spleen volume sizes between the target image and all atlases. We hypothesized that the atlases with similar spleen size as the target image would lead to more accurate fusion results. Instead of conducting time-consuming whole spleen manual tracing for a target image, a unidimensional splenic index measurement craniocaudal spleen length (L) (Figure 2 ) was used to estimate the spleen volume size [7] . L was derived by multiplying the number of visible axial slices of spleen by the slice thickness [7] . Then, the spleen volume (Vol) was estimated by L = (0.0126 × Vol) + 5.8006. Since L represents the variations of the spleen shape in this splenomegaly dataset, the atlas selection was conducted by selecting ten atlases with the closest L values compared with the target image.
By combining the advantages in Pipeline 2 and Pipeline 3, novel L-SIMPLE approach (Pipeline 4) was proposed. First, a probabilistic map was derived by averaging the registered spleen labels selected by L. Then the best atlases were selected by integrating the spatial prior with the SIMPLE framework in a Bayesian manner following the similar idea as [19, 20] . The inputs of the L-SIMPLE methods were (1) registered spleen labels atlases = { , , … , }, where each is an atlas. (2) The measurement L of the target images. The output was selected atlases where ≤ . The complete algorithm is:
Step 1) Initialize as all atlases. The spleen spatial probabilistic prior ( = 1) is derived by averaging the registered label atlases selected by Pipeline 3. ( = 1) is the probability map of the spleen (spleen label is 1) while ( = 0) is the probability map of non-spleen tissues and background. Step 2) At each iteration , is the set of the remaining atlases. For each voxel , the likelihood function of spleen is defined by
Step 3) From a Bayesian approach, the posterior probability of spleen at voxel is derived as
Step 4) The label of the intermediate spleen segmentation at voxel is derived as
Step 5) The one-dimensional weight vector is derived by calculating DSC between each and S.
Step 6) For the next iteration, the is a subset of by comparing with mean ( ) and standard deviation ( ) of .
Step 7) If the size of is less than the number of atlases that we want or hits the maxium iteration, the iteration is terminated and = is returned as selected atlases. Otherwise, go to Step 2.
Multi-contrast MRI Spleen MAS Segmentation
In MRI, users are free to design and use particular sequences based on different clinical and scientific purposes. This provides the opportunity to achieve contrast which is optimized for certain tissue types. However, such flexibility makes it challenging to design a single spleen MRI segmentation framework that is compatible with multiple contrast mechanisms. To evaluate the robustness of MAS on multi-model data, the T1w and T2w scans are both employed as atlases and target images. Different scenarios are considered in this study: (1) Using both T1w and T2w images as atlases and target images (Figure 4) . (2) T1w images are employed as target images when using both T1w and T2w atlases, only T1w atlases, and only T2w atlases (Figure 5a ). (3) T2w images are employed as target images when using both T1w and T2w atlases, only T1w atlases, and only T2w atlases (Figure 5b ).
RESULTS
A leave-one-out validation strategy was used to evaluate the performance of the four spleen MAS pipelines. Figure 3 presents the qualitative results of four pipelines compared with manual segmentations. Three scans were shown with axial and coronal slices to represent the best, median and worst performance in Pipeline 4. Figure 4a indicates that the pipelines 2 and 4 achieved better statistical performance than pipelines 1 and 3 on DSC, MSD and HD. Figure 4b shows that the strongest Pearson correlation value was achieved by Pipeline 4 when comparing the estimated spleen volume to the manual segmentation volume. Table 1 reported the metrics as well as the number of failures of four pipelines with the overall best performance in bold. The "failure" was defined as the numbers of scans whose DSC values were smaller than 0.8, 0.75 or 0.7 ( Table 1 ). Figure 5 evaluated the performance of using multi-contest MRI sequences by considering T1w and T2w as target images separately. 
CONCLUSION
We present the first work using MAS on MRI for splenomegaly. To address the substantial abdominal registration errors and the particular concerns of the large variations in MRI intensities, four different atlas selection based pipelines were presented and compared in this work. Among the two automated pipelines, the SIMPLE based method (Pipeline 2) performed better than the method that did not use atlas selection (Pipeline 1) (Figure 4) . We demonstrated that SIMPLE based atlas selection was able to improve the label fusion performance on MRI for splenomegaly.
To further improve the performance for the outliers in Pipeline 2, the semi-automated L-SIMPLE framework was introduced by using the unidimensional splenic index measurement L. The L-SIMPLE generated a spatial prior to guide the interactive atlas selection in Bayesian framework. The results demonstrated that the L-SIMPLE (Pipeline 4) performed better than only using craniocaudal length L of spleen (Pipeline 3) (Figure 4) and had a smaller number of failures than SIMPLE (Pipeline 2) ( Table 1 ). Figure 5 demonstrates that using both T1w and T2w atlases provided more candidate atlases during atlas selection, which yielded statistically better DSC than only using atlases from a single modality.
DISCUSSION
From the results, the automated Pipeline 3 achieved >0.9 median DSC relative to manual segmentation. However, there were cases where the majority of registrations failed in such a similar fashion that the SIMPLE atlas selection incorrectly chose atlases which were not similar to the target. To address such cases, the craniocaudal length (L) of spleen was used to derive a prior probabilistic map to guide the atlas selection in Bayesian fashion. In this study, the L-SIMPLE (Pipeline 4) using 1D measurement L (≈1 min manual work per scan) was much less time consuming than the whole spleen 3D delineation (≈20 min manual work per scan) while achieving the 0.9713 Pearson correlation on the multi-contrast splenomegaly dataset. The continuing investigation of this work would be the automated L derivation using random forest [31] , deep convolutional neural network [32] , or other approaches.
In Table 1 , the number of failures is defined by counting the number of segmented images whose spleen DSC is smaller tha n pa rticular values. In the futur e, it wou ld be interesting to define "failures" in a quantitative manner that is well accepted in the community. The results (Figure 5 ) indicate that the MAS framework is not sensitive to the modality difference between atlases and target images. It means all available atlases (with atlas selection), even across modalities, should be included to deal with large body variability. To further validate this claim, a validation dataset for which both T1w and T2w scans are included for every subject would be better. It is not claimed that the registration method, number of atlases and the label fusion method used in this work are optimizal.
